Self-regulated learning (SRL) is a process that highly fluctuates as students actively deploy their metacognitive and cognitive processes during learning. In this paper, we apply an extension of latent profiling, latent transition analysis (LTA), which investigates the longitudinal development of students' SRL latent class memberships over time. We will briefly review the theoretical foundations of SRL and discuss the value of using LTA to investigate this multidimensional concept. This study is based on college students (n = 75) learning about the human circulatory system while using MetaTutor, an intelligent tutoring system that adaptively supports SRL and targets specific metacognitive SRL processes including judgment of learning (JOL) and content evaluation (CE). Preliminary results identify transitional probabilities of SRL profiles from four distinct events associated with the use of SRL.
INTRODUCTION
In dynamic learning environments such as intelligent tutoring systems and other advanced learning technologies, students continuously adapt to internal (e.g., prior knowledge) and external (e.g., effectiveness of systems; feedback and scaffolding) conditions by rapidly changing as they interact with the tasks and the system, based on accurate use of cognitive and metacognitive processes.
This progressive change occurs over multiple stages that require high-degree of regulation; however, previous research has indicated that students do not automatically develop an ability to regulate their SRL knowledge and skills [1, 3] . This warrants a need to clarify how students initially develop regulatory behaviors and how they shift towards more advanced levels of regulation. This paper will investigate the transitional profiles of two aspects of self-regulated learning in the context of an online learning environment, MetaTutor.
Self-regulated learning
Over the course of engaging with learning in a technologically rich environment, students are engaged in high complex learning processes. Students are expected to acquire knowledge, respond to feedback, and evaluate progress -processes that require highlevels of regulation. In order to achieve success during the complex learning process, students must gain agency in directing their own learning. Self-regulated learning (SRL) describes students' accurate monitoring and regulation of effective cognitive, metacognitive, and motivational knowledge, skills, and strategies to learn, problem solve, and perform across tasks [12, 19] . SRL is a multi-phase process with the following assumptions: (1) students plan, monitor, control, and reflect their learning strategies and progress [12] , and (2) this involves a three-stage cyclical process where students engage in orientation and planning phase, monitoring and performance phase, and evaluation and adaptation phase [18] . These theoretical models of SRL collectively suggest that a combination of knowledge, skills, and strategies are essential and occur in a sequential and/or cyclical manner during learning and problem solving. While these models do describe SRL as phases, only one model considers SRL as an event that unfolds over time -information-processing theory (IPT) [16, 17] . Since this study is examining how SRL profiles transition over time, this study will draw specifically from the information-processing theory of SRL.
Model of metamemory
Nelson & Narens' [10] model of metamemory suggests that metacognition occurs at a meta-level, which involves three phases of memory-related processes. Thus, engaging in these metacognitive processes at the meta-level can influence task performance at the object level. Specifically, at the encoding phase, students engage in ease of learning (EOL) judgments, where they anticipate how easy it will be to accomplish a task. At the retrieval phase, students are making judgments of their understanding of the material (i.e., judgment of learning or JOLs). At the retention phase, students make a retrospective confidence judgment (RCJ), where they judge their confidence in their performance on the task. According to this model, making these metacognitive judgments may impact students' task performance, via memory processes.
Latent profiling of SRL
A challenge in understanding SRL is capturing the interactive nature of information processing and SRL strategies that students deploy in real time during learning. Constructs such as SRL are often difficult to observe directly, so traditional research methods (e.g., self-reports) will typically infer this behavior after the task is completed. However, these methods can hardly capture the dynamic and progressive stages of SRL. Recent advances have led researchers to use on-line trace methods (e.g., log-files, concurrent think-alouds) to measure the real-time deployment of SRL processes during learning [1, 2] . The primary difference between traditional techniques and latent profiling is: "the common factor model decomposes the covariances to highlight relationships among the variables, whereas the latent profile model decomposes the covariances to highlight relationships among students" [4, p. 6] . Latent profiling is a latent variable model that identifies unobserved subgroups in a population. One study established distinct latent profiles of SRL that exist across students and these profiles are associated with varying academic outcomes [3] . Findings from this study suggested that individuals with minimal and disorganized profiles of SRL might demonstrate poorer academic outcomes [3] . This approach is a person-centered analysis that is more appropriate for understanding a multi-phased concept such as SRL.
This study is situated to investigate the unique characteristics of students' self-regulatory learning behaviors at different stages of interaction in the online learning environment, MetaTutor. During MetaTutor, metacognitive judgments during learning are measured by assessing students' level of confidence in making these judgments. This study aims to elucidate unique student profiles of SRL and describe the changing states across time.
METHOD

Participants
A total of 194 students are included in the study with 99 in the control group and 95 in the experimental group. From the experimental group, a total of 75 students are included in this ongoing study. Students were recruited from three major universities across North America. Background information was available for only 70 students. Of the 70 students, 53% were males and 47% were females. Mean age was M = 20.11 (SD = .21) and mean GPA was M = 3.31 (SD = .09).
MetaTutor
This study is set in the context of MetaTutor, an intelligent tutoring system that is built upon theoretical models of SRL [1, 13, 16, 17, 18] . The system engages students in biological concepts (e.g., the human circulatory system) and provides support through offering various strategies to plan, monitor, and reflect upon their learning. Students are prompted to set goals with respect to their learning and engage in cognitive and metacognitive SRL strategies while the system provides feedback based on student scores on quizzes and responses to making metacognitive judgments, such as JOLs. During the process of reading and inspecting hypermedia materials, students are given an option to select cognitive learning strategies, such as summarizing (SUMM), taking notes (TN), planning (PLAN), prior knowledge activation (PKA), and making inferences (INF), and metacognitive monitoring processes such as monitoring progress towards goals (MPTG), judgment of learning (JOL), feeling of knowing (FOK), and content evaluation (CE) from an SRL palette provided by the system's interface. These processes include: This study will examine two of these processes: judgment of learning (JOL) and content evaluation (CE). Below is a screenshot of the MetaTutor main interface (See Figure 1) . The interface includes elements designed to foster effective SRL, such as a timer (top left), a table of contents (left, below the timer), content (center), overall learning goal and sub-goals (top center), a pedagogical agent (top right), and the SRL palette (right, below the agent).
Participants' background knowledge of biological concepts ranged from no experience to some experience (i.e., taken 1-5 undergraduate science courses). Prior to learning, participants were randomly assigned to one of two experimental conditions: prompt and feedback, or control. In the prompt and feedback condition, participants were prompted to use cognitive and metacognitive SRL strategies, and were provided with immediate feedback on their performance. Additionally, participants could self-initiate the use of these SRL processes, and were still provided feedback on their performance. In the control condition, participants were not prompted to engage in SRL strategies, nor were they provided with feedback if they self-initiated the use of these processes. As such, participants in the control condition were left to work independently without being provided with any guidance from the system.
Metacognitive monitoring process
For this analysis, we selected the metacognitive monitoring processes: judgment of learning (JOL) and content evaluation (CE), as research has shown these processes to be influential in learning about complex science topics [1, 5, 7] .
Judgment of learning
Judgments of learning (JOLs) require students to assess their understanding of the material they are currently reading [1, 2, 5, 7] . This strategy requires learners to monitor their comprehension of the material, which is an effective strategy as it makes them actively aware of their progress during learning. Moreover, once this judgment is made, students can select the appropriate subsequent cognitive learning strategies to use, based on the valence of that judgment (i.e., JOL+: I understand this or JOL-: I do not understand this). For example, a student who does understand the material can go on to take notes on the content (i.e., cognitive strategy of taking notes) compared to a student who does not understand the material, who should re-read the material as the subsequent cognitive learning strategy. It is important to emphasize that valence is associated with the accuracy of a metacognitive judgment and we can therefore assume that a metacognitive-strategy dyad can either be adaptive (e.g., a JOL-followed by re-reading the same materials) or maladaptive (e.g., a JOL-followed by reading additional research).
Content evaluation
Content evaluations (CEs) involve students assessing whether the current content is relevant to the sub-goal they are working on [1, 2, 6, 7] making them aware of the relevancy of the material they are reading. When making a CE, the student evaluates the relevancy of the text and the diagram on the content page, thereby monitoring the material they are reading to accomplish their subgoals. Similar to JOLs, there is also a valence component associated with making this metacognitive evaluation, such that the content can be relevant to the current sub-goal (i.e., CE+), which should be followed by continuing to read that page, inspect the diagram, and take notes or summarize the material. In contrast, an evaluation of the content as being irrelevant to the current sub-goal (i.e., CE-), would be followed by changing pages to a relevant one.
Many research studies investigating the impact of JOLs on learning have revealed that making these judgments can positively impact learning [1, 5] . One main focus of research on JOLs has been on assessing how students' levels of confidence (i.e., the judgments they make) impact their subsequent learning [5] . Additionally, research investigating the use of CEs has suggested that selecting more relevant content pages obtain higher performance scores [14] Although this research demonstrates the importance of judging one's understanding of content and selecting relevant pages for completing sub-goals, research is lacking on assessing how the accuracy of these judgments change over time.
Latent transition analysis
Latent transition analysis (LTA) is an extension of latent class analysis (LCA) that identifies underlying traits longitudinally. LCA is a statistical model that groups individuals together based on unobserved traits (i.e. latent traits) that are inferred with categorical variables [6] . LCA outputs latent classes that describe distinct behaviors shared by a group of individuals. Extending from LCA, LTA describes changes in these latent classes across time and transitional probabilities are estimated. These latent classes are not assumed to be static, but rather, individuals may be described with different classes at different times.
The most appropriate LTA model for describing a population of individuals sharing similar behaviors is estimated with three sets of parameters. First, latent status membership probabilities are estimated for subsequent times after the first time point. These probabilities recognize the proportion of individuals that would belong in any given latent class. Second, transition probabilities are calculated to identify the chance of students changing from one latent class from one time point to another latent class at the next time point. Third, model-fit indices are used to determine the relationship between the observed indicates and the latent class. Three model-fit indices are typically used: likelihood-ratio G 2 fit statistic, Akaike Information Criteria (AIC), and Bayesian Information Criteria (BIC). For interpretation, larger values of likelihood-ratio G 2 value indicate rejection of the null-hypothesis [9] while smaller values of AIC and BIC are indicators of better model fit [3] . For this study, LTA was conducted in SAS with the PROC LTA procedure [8] .
RESULTS
Latent transition analysis for 2-, 3-, and 4-class solutions was conducted. The two-class model was considered due to low AIC and BIC values, but classes and transitions lacked interpretability. The selected model is the three-class solution, as it was the most parsimonious, had the best goodness of fit statistics of interpretable models, and offered the most useful interpretation. Table 1 indicates the model fit statistics for the 2-, 3-, and 4-class models.
According to this model, all members of Class 1 (n=20) correctly identified content relevant to their sub-goal (CE). Approximately 58% of this class judged their learning (JOL) with correct confidence or under-confidence in light of their page quiz results, while 42% were overconfident. Thus this class has strength in CE and emerging skills in JOLs. The members of Class 2 (n=39) have the contrasting profile: all of Class 2 exhibited accurate or underconfident JOL, but only approximately 55% of Class 2 correctly identified the relevance of page/image content for their sub-goal. As such, class 2 exhibits strength in JOL and emerging CE. Class 3 consists of learners who exhibit challenges in both JOLs and CEs. 100% of Class 3 (n=16) learners exhibited overconfidence in JOL, and 100% also incorrectly identified content relevant to their Note: Item-response probabilities are constrained to be equal at time points 1 and 2. Bold font indicates membership in the same latent status at both time points.
According to Table 2 , there were more than 75% of students in Class 3 who demonstrated difficulty with both JOL and CE. Of this group, more than 75% improved their judgment of learning, and approximately 17% improved their content evaluation skills. Just 6% of the original Class 3 remained in Class 3. Overall, the probability of being in this class decreased approximately 15% from the initial measurement in time point 1 to the final measurement in time point 2. This is a remarkable finding, considering their time with the MetaTutor program was limited to only a few hours at most. 
DISCUSSION
This ongoing research is intended to elucidate the transitioning profiles of SRL in the context of MetaTutor. Extending from previous literature investigating the construct and latent nature of SRL [3, 11, 12] , this study investigates the changing latent SRL profiles over two time points.
Preliminary results indicated that a three-class solution best fit the model. It is important to remember that transitioning from Class 1 (strong CE, emerging JOL) to 2 (strong JOL, emerging CE), or the reverse, does not indicate that there has been a weakening of the other skill. Students transitioning from one class to another class are now demonstrating a different profile of JOLs and CEs. The findings of this study indicate that students exhibit different combinations of SRL behaviors across short time periods. Further inferential statistics are required to clarify which combinations maximize performance outcomes.
Class 3 (i.e., learners who demonstrate challenges in both JOL and CE) is an interesting profile to mention. More than 75% of this class later demonstrated the significant improvements in their JOL and approximately 17% of these students improved their CE. An explanation may be found in the tailored feedback provided by MetaTutor. The feedback given by MetaTutor is tailored specifically to students' input, with over 20 different feedback responses. The time that students spend engaging in MetaTutor improves their outcomes relative to their area(s) of weakness. For example, of those who were in Class 1 at time point 1 (emerging JOL), more than half made gains in JOL, ending up in Class 2. A similar result is exhibited for Class 2, with over half of the members of Class 2 at time point 1 transitioning to Class 1 at time point 2. This can potentially be attributed to the tailored feedback that students received in their area of weakness as they engaged with MetaTutor. In support of this thought, an earlier study by Thompson [15] found that general feedback did not significantly improve accuracy of students' confidence-recall, but instead found that students' confidence-recall improved when feedback was given for specific types of questions.
We recognize a limitation to this preliminary study. JOL and CE events were only included when feedback was provided. Therefore, students who were in the control condition were not included in the preliminary analysis and the sample size was reduced.
Next Steps
We do intend to continue the analysis by investigating predictive relationships between the transitioning SRL profiles and performance outcomes (e.g., setting sub-goals, time spent on task, and outcome on quiz and post-test scores). Next, the current constructs of JOL and CE have been dichotomized for the preliminary analysis; however, JOL and CE constructs do consist of more than one dimension (e.g., relevancy of text vs. relevancy of diagram). Further investigation would be required to appropriate categorize these constructs so these constructs can be more accurately represented in the analysis. Finally, the nature of feedback is particularly interesting and would require further investigation to understand how different students demonstrating various SRL profiles would respond to tailored feedback.
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